This letter presents an automated method for creating spatial maps of soil condition with an outdoor mobile robot. Effective soil mapping on farms can enhance yields, reduce inputs, and help protect the environment. Traditionally, data are collected manually at an arbitrary set of locations, then soil maps are constructed offline using kriging, a form of Gaussian process regression. This process is laborious and costly, limiting the quality and resolution of the resulting information. Instead, we propose to use an outdoor mobile robot for automatic collection of soil condition data, building soil maps online and also adapting the robot's exploration strategy on-the-fly based on the current quality of the map. We show how using kriging variance as a reward function for robotic exploration allows for both more efficient data collection and better soil models. This letter presents the theoretical foundations for our proposal and an experimental comparison of exploration strategies using soil compaction data from a field generated with a mobile robot.
large fuel costs. A targeted approach would prove much more cost effective [5] , but requires knowledge of spatial variability to identify compaction hotspots within a field. As such, effective mapping of soil compaction is essential to address such issues whilst minimising remediation input costs.
Until now robotics research in agriculture has mainly focused on improving crop operations by automating tasks demanding high amounts of energy and labour, or making farm machinery more efficient and precise. A good example of multi-purpose agricultural robots in [6] , [7] demonstrated different agricultural applications depending on the set of tools they are fitted with. In this work, we present a 3D soil compaction mapping application using the agricultural robot presented in [7] . We fitted this robot with a penetrometer (see Fig. 1 ), a favoured tool for identifying spatial variability in soil compaction [8] . A similar setup was presented previously in [6] , which provided an excellent comparison of the accuracy of a robotised tool against manual tools. While their approach used a pre-determined, fixed exploration strategy, our paper investigates alternative exploration strategies which can be adapted on-the-fly depending on the current state of the soil compaction map.
The objective of this letter is to develop a methodology to generate accurate 3D soil compaction maps with a minimal number of data samples. To generate a high density map we use kriging or Gaussian Process Regression [9] , [10] , a method widely used in geostatistics for estimating unknown functions from data by means of interpolation. One of the advantages of kriging is that it also provides a variance function that indicates the accuracy of estimation for any given point. In practice, it is possible to generate a map of any variable across the field together with a map of its variance from any given set of samples. We propose to use such a variance map as a reward function for the exploration process which will drive a mobile robot towards the areas of the field where the information is less precise, improving overall model quality as shown previously for robotic mapping over time [11] . This letter makes the following contributions:
r a 3D representation of soil compaction based on observations at different spatial locations and depths; r use of a kriging variance map as a reward function for robotic exploration, enabling adaptation of the robot's exploration strategy on-the-fly based on the current state of the map, resulting in more efficient data collection and better soil models;
r an experimental comparison of common robotic exploration strategies for soil mapping using pre-recorded soil compaction data; and r a publicly available, real-world dataset 1 comprising of geo-tagged soil compaction measurements collected by the robot from a field, together with a reference dataset obtained by a soil scientist for benchmarking and result comparison. The remainder of the letter is structured as follows: Section II presents related work in soil surveying and robotic exploration, followed by Section III which details our approach to adaptive soil sampling using a mobile robot. The experimental framework is presented in Section IV, followed by results and their analysis in Section V, and final conclusions in Section VI.
II. RELATED WORK
Traditionally, soil condition maps are created from data collected manually at an arbitrary set of locations in the field, which are then used to create a map using geo-statistical tools such as kriging. Kerry et al. [12] show how kriging semivariograms, an experimental method for defining spatial correlation between samples, have been deemed crucial for sampling planning in precision agriculture. They discuss the use of a priori information to estimate a semivariogram and determine the spatial frequency of sampling depending on its range. Other researchers propose a nested approach [13] , where a set of samples is taken in a relatively small portion of the field and their variogram extrapolated to determine new sample locations. Marchant & Lark [14] proposed an adaptive approach for optimizing reconnaissance surveys. They sampled at pre-planned positions, and calculated the probability density function of the sampling density required for the main survey in a Bayesian framework. If the requirements were not met, the number and location of observations within further phases were selected to reduce the uncertainty of the required sampling density.
However, the effort required to survey a soil variable and simultaneously build and analyse the variance of the kriging model of the soil, meant that soil scientists stopped short of planning the whole sampling procedure based on kriging variance. Agricultural robots, on the other hand, are able to create and update models of their operational environments through robotic exploration.
Robotic exploration approaches are usually aimed at creating a model of the robot's operational environment. A common approach is to plan trajectories that completely cover the area assuming some prior knowledge of the environment [15] . If this is not possible, well-known exploration techniques drive the robot towards unmapped areas of the environment. For example, greedy approaches such as [16] drive the robot towards the closest location where new information can be gained. In frontier-based exploration [17] , the robot is driven towards the boundary between the known and unknown parts of the environment. Information driven 'next-best-view' methods use reward functions to predict the utility of a location [18] .
Environmental monitoring applications have attracted a lot of attention in the last few years [19] . Many authors have proposed informative path planning (IPP) techniques for modelling physical phenomena with an unknown spatial distribution. These techniques address how to plan a path that maximizes sensor information [20] and can be classified into two approaches: those that depend only on a priori information of the environment [21] , and adaptive sampling techniques that can be modified depending on the observations made [22] . More recently Popovic et al. [23] proposed an adaptive informative path planning methodology to map green biomass in an agricultural setting.
This letter extends previous research by proposing a robotic exploration methodology aimed at building soil condition maps in an autonomous way, this work shows that using kriging variance as a reward function for exploration produces more efficient data collection and better quality soil models. To demonstrate this we present an extended comparison between different exploration strategies using the proposed reward function.
III. METHODOLOGY
In our scenario, a mobile robot equipped with a penetrometer is used to generate a 3D soil compaction map of an agricultural field. Typically, soil condition maps are created from sparse data samples manually collected in the field, which are then extrapolated over the working area using geostatistical techniques. These tools quantify the spatial autocorrelation among samples and utilise this to make a prediction for any location in the field together with its variance. Usually these methods are known as kriging or Gaussian process regression.
There are many variants of kriging techniques (e.g. ordinary kriging, universal kriging) which differ in the assumptions made about the data (see [24] for a comparison of different kriging methods). Ordinary kriging assumes that there are no trends in the data and hence this can be modelled as an unknown constant. In our case, we consider a layered representation of the soil -a standard used by soil scientists -in which the trend along the depth dimension is decoupled between layers. For this reason we have chosen ordinary kriging for this work.
A. Ordinary Kriging (OK)
Ordinary kriging provides an estimateẐ(x 0 ) for a variable Z at unknown location x 0 whilst assuming a constant unknown mean over its neighbourhood. The estimate is a weighted linear combination of the n available (i.e. observed) values z i = Z(x i ) at a set of locations x i which minimises the variance of errors:
where n i=1 w i = 1 to assure unbiased estimates. The weights w = [w 1 , . . . , w n ] T depend solely on the distance between the locations x i and are independent of the actual values Z(x i ).
To deduce weights which the available samples will have on the estimation at location x 0 the following system of equations needs to be solved:
where
is the covariance at the prediction location x 0 and λ is a Lagrange factor which ensures the optimal solution.
Once this system is solved, the estimated values at location x 0 can be found using Eq. (1), and the associated variance of the prediction σ 2 can be calculated as follows:
Our application considers a soil compaction variable, which tends to gradually increase its value with soil depth. Since OK assumes a constant mean in the close neighbourhood of the sampled location, we cannot use this kriging method directly to model the soil compaction at different depths. Therefore, we discretise the soil depth into a set of m layers of a specific interval and create a separate kriging model for each layer together with its variance. The general kriging variance KV is an average of the mean kriging variance KV i for each layer:
1) Semivariogram: In practical applications, the theoretical covariances C in kriging are replaced by semivariances Γ derived from experimental semivariograms which express the spatial correlation as a function of distance h between locations x i . The semivariograms γ(h) can take multiple forms but generally are characterised by three parameters (see Fig. 2 ): p 0 -nugget is the semivariance at distance 0, p 1 -range defines the distance that is spatially correlated and p 2 -sill is the semivariance at distances beyond the range. These parameters are obtained through a semivariogram fitting procedure. We use the following linear semivariogram model in our work:
The nugget, range and sill parameters are automatically fitted from the semivariogram of the sampled data using the soft L 1 norm minimization scheme implemented in [25] . 
B. Exploration Strategies
Our proposal is to use the variance of the kriging (KV) process (see Eq. (4)) as a measurement of information gain. We compare several common strategies for using this information towards mapping soil compaction in the same environment. The tested strategies can be classified into three different categories: Area Coverage, Next-Best-View and Adaptive Sampling methods.
1) Area Coverage: These methods, unlike the other two categories, are not information based. This means that they do not use the proposed KV for their planning. However, they are the most commonly used strategies for soil condition mapping, and provide a good baseline comparison to see the effect of using KV as a reward function. In these methods, at the start of the exploration process the robot chooses its sampling locations in a specific manner and then plans the order in which to visit them using a tsp (travelling sales-person) method to find the shortest path that connects them. The static coverage methods tested are the following:
r Random: In this case, the robot goes to a set of randomly selected locations around the field, see Fig. 3(a) .
r Pre-determined pattern: Sampling locations are allocated following a predetermined pattern, in our case a W-shaped path, which is popular with soil scientists, across the field, see Fig. 3 
r Area splitting: Here the field is divided into a specific number of polygons, each with roughly the same area, and a sampling location is added at the centre of these areas, see Fig. 3(c) 2) Next-Best-View (NBV): These methods update the environment model every time a new sample is acquired and then choose a new location depending on the distribution of the KV across the field. Location selection is done using one of the following strategies:
r Greedy: The next sampling point is the point with the highest KV in the set of candidate locations. r Monte Carlo: a set of candidate sampling locations is generated each time, and each candidate location is allocated a weight depending on its KV. The next sampling location is selected randomly but in a way that guarantees that probabilities are distributed according to the weight of each candidate.
3) Adaptive Sampling: In this category, strategies generate an initial plan that is modified depending on the KV after each model update. In this case, the robot will plan a sampling regime based on the static coverage strategies. However, every new sample taken triggers a model update, which is then used to recalculate the sampling regime. This recalculation includes adding or removing sampling points based on a NBV strategy and their KV, and replanning a new route through the new set of sampling points using the tsp algorithm. For this purpose we verify the following combinations of strategies:
r Adaptive + Greedy: New targets are added whenever there is a cell with a higher KV than any of the ones in the current plan. Targets are removed when their KV is less than 2σ of the distribution of the KV of the targets in the current plan. Every time a plan is modified, a new trajectory is calculated using a tsp solver.
r Adaptive + Monte Carlo: In this case new targets are added by drawing a new waypoint from a set of candidates weighted by their KV. The target with the lowest KV in the current plan is removed to keep the same number of waypoints in the route.
IV. EXPERIMENTAL FRAMEWORK

A. Thorvald and Penetrometer
Our experimental set-up consists of an autonomous mobile robot Thorvald [7] equipped with a custom-made automatic penetrometer device for measuring soil compaction (see Fig. 1 ). The robot is controlled through an in-built PC running Linux OS and Robot Operating System (ROS). The platform is equipped with a GNSS sensor, which enables robot localisation and geotagging of the collected data samples. The navigation component uses a graph-based representation, allowing the robot to move between a pre-determined set of waypoints.
The automated penetrometer consists of a steel rod with a coned tip driven into the soil by a linear actuator. The probing rod is equipped with a force sensor (iLoad Pro Digital USB Load Cell by Loadstar), providing continuous force readings during operation of the device. The penetrometer was designed to exert a maximum pushing force of 600 N whilst the range of the force sensor is up to 1100 N.
A compaction measurement at a single location consists of a series of force readings whilst the rod is being pushed into soil with a constant speed of 2.5 cm/s (see Fig. 1 ). In our case, the rod can reach soil depths of 50 cm and each sample consists of 300 force readings. The entire sampling procedure including probing, withdrawal of the probe and safety delays at a single location takes around 50 s. The entire system's bandwidth, taking into account the sampling and robot movement is therefore around 30-60 samples/h.
B. Data Collection
Data was collected from a field site at the University of Lincoln's Riseholme Campus, Lincolnshire, UK (OS grid reference 498456 374863). The field was in permanent pasture (cattle and sheep) at the time of sampling, and sits on a clay soil over limestone (Elmton 1 association [26] ), with slight slope falling towards the west. We consider a roughly rectangular area of 2.33 ha for our experiments (see Fig. 4(a) ).
An initial dataset was collected manually with the purpose of calibrating the autonomous mobile sampling and kriging model differences. 49 manual readings of soil compaction were taken with a hand-held digital penetrometer (FieldScout SC900) on a loose grid system across the field, with approximate spacings of 25 m between sampling locations (see Fig. 4(b) ). Each manual sample requires around 50 s to complete, which includes manual probing and GPS tagging -this figure is very similar to the sampling time required by our automated penetrometer.
For the high density data collection, the field was divided into 10 × 10 m cells with a way-point situated in the centre of each cell. At each way-point, the robot took a penetrometer reading together with a GPS location which resulted in 286 geo-tagged samples (see Fig. 4(c) ).
Soil moisture content was between 25% and 30% at the time the manual dataset was captured and between 35% and 40% for the dataset acquired by the robot.
C. Surrogate Model
Comparing models captured directly by the robot may be unreliable because field conditions might change from test to test. To make an accurate comparison, a 'ground truth' model of the phenomenon is needed. This model needs to be better the ones that can be obtained by the exploration methods being compared in order to provide a fair baseline for comparisons. Therefore, in this work, the high density dataset was used to create a dense 'surrogate' model of soil compaction, which we then use in offline 'simulations' to compare different exploration strategies and understand their overall performance. Simulations using a surrogate model are a useful tool to compare exploration methods [18] , providing the 'ground truth' for the resulting soil compaction models.
V. RESULTS
The results presented in this section were obtained using simulated runs over the surrogate model presented in Section IV-C. For our comparisons, we divided the field into a 5 × 5 m grid, resulting in 936 reachable cells over which the exploration algorithms can be executed. We divided the soil depth into m = 8 layers of 5 cm each, for which a separate kriging model together with its variance is calculated. Figure 5 shows soil compaction maps and their variance for different layers and the global mean kriging variance used for exploration.
To compare any two resulting soil compaction models A and B we propose to use the Mean Square Error (MSE):
but also its square rooted variant RMSE to keep unit consistency and clarity of presentation. In addition, we use the cosine similarity (CS) measure, takes into account both the variance and mean compaction values for each layer, as an indicator of the overall correlation between two models: 
A. Manual vs. Automated Sampling Soil Models
To ensure the consistency and validity of our surrogate soil compaction model, we compared it to the model created from the manually collected samples. It is important to point out that the manually created model cannot be treated as definite ground truth since its creation is subject to numerous biases related to the quality of the instrument and sampling procedure. Figure 6 shows the mean values of the high density model together with model error (RMSE) in the error bars. The variability is similar throughout the soil layers, generally indicating a good alignment between the models, even though the top soil (0-20 cm) is characterised by larger deviations. This improving trend is also visible in increasing cosine similarity values between the both models in Table I. These differences might be due to multiple factors, for example both datasets were captured with 4 months difference. Given that the field has been in permanent pasture over this period with no major farming operations being performed it is reasonable to expect only minor changes in soil compaction, especially in the deeper layers. Medium-to short-term change in soil compaction is more likely in the upper layers, where traffic (cattle and sheep) and soil moisture content can have an effect on soil compaction. Table I shows that the normalised RMSE between both models in the deeper layers is the same, indicating a small bias which might be influenced by a calibration difference between the two instruments and the differences in soil moisture content. The differences in the upper layers can be attributed to the factors mentioned above, and other important considerations that must be made for the instrument, for example, probe engagement. Unlike the automatic penetrometer, with a manual penetrometer an experienced operator can control relatively well the probe speed and force, however, it is impossible for the operator to guarantee the same engagement force and speed for every measurement, as the soil has different sensations at different locations, meaning that the readings on the upper layer can be subject to higher noise on the manually collected dataset.
B. Kriging Variance for Exploration
Our proposal is based on the assumption that reducing kriging variance will lead to a better model. To verify this hypothesis, we simulated different exploration strategies and compared the correlation between the model error and kriging variance. Both values were calculated for each cell of the model and used to generate two vectors for each sample. These vectors were then used to obtain the correlation coefficient between the two variables. Table II shows the correlation coefficient between MSE and KV for multiple exploration strategies, indicating a strong correlation between these variables. Figure 7 further illustrates the consistency of this correlation over time for different exploration strategies and simultaneous convergence of both values as more information is incorporated into the models.
C. Exploration Strategy Performance
We have demonstrated how reducing the kriging variance leads to higher quality models but in practice other factors such as time or energy needed to create the models must also be taken into account when evaluating exploration strategies. Table III shows the dependence of the model error on the number of samples taken for different strategies.
However, it is not only important to consider the number of samples, but also the path followed by each exploration strategy. Table IV shows the average path length for different strategies.
Although the adaptive sampling strategies produce 10% to 30% longer paths per sample, they require significantly fewer samples to produce the same quality model as their non-adaptive counterparts.
An interesting case is the W-shape strategy. Although it produces the worst quality models, its travel distance is the smallest of all the methods and is independent of the number of samples. This indicates that this is the best strategy to follow when model quality cannot be assessed online. However, it is also important to note that this is not an information-based strategy, so areas with high variance might be left unmapped or under-sampled. Adaptive sampling strategies, on the other hand, are information based. They can produce higher quality models with fewer samples and the difference in distance travelled is less than 12%. Thus, taking this into account and the results summarised in Tables IV and III it is possible to say that the most efficient ways to perform kriging-based robotic exploration use adaptive sampling strategies.
We have used a kriging implementation which took around 50 ms per soil layer of 450 cells on a single Intel i7-3770 core. The computational cost associated with sampling strategies is negligible. This makes the proposed method applicable in real applications where all the calculations taking seconds can be performed during the robot's travel and sampling.
VI. CONCLUSION
This work presents a method for soil compaction mapping using kriging variance as the driving force for robotic exploration. Our results show that kriging variance is closely correlated with the model error and that using a sampling strategy that reduces the model variance can lead to higher quality models requiring a lower number of samples. These results have been validated using a surrogate model that has been constructed from high density 3D soil compaction data captured by an automated penetrometer fitted on a mobile robot specially designed for agricultural settings.
This work presents a comparison of this surrogate model with a model created from manually collected data using state-of-theart tools for soil compaction mapping used by soil scientists. Our results show that these models are comparable and we discuss the likely cause of the minor deviations between them. To validate the use of kriging variance as a reward function for exploration, we provide a comparison between several wellknown strategies for robotic exploration and adaptive sampling techniques and discuss their performance in terms of model quality and distance travelled.
This approach can be used in soil surveyance applications to measure and map soil variables such as moisture, chemistry and biology This will lead to high definition soil data which will allow for better understanding of soil, its properties and influence on agricultural processes. Finally, we are currently working on developing techniques for exploring agricultural environments where there are navigational limitations such as rows in arable fields.
